T he purpose of this erratum is to address an error in Making Young Voters: The Impact of Preregistration on Youth Turnout. 1 The error affects the size of the coefficient estimate on preregistration laws in the differencein-difference model reported in Table 2 (column 1). Updating the difference-in-difference model estimate finds a smaller, but still positive effect of preregistration laws on youth turnout. Taken together with the results from other model specifications, data sources, and analytic approaches, the conclusion of the article remains the same: preregistration appears to be a viable electoral policy for increasing youth turnout.
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The error in the difference-in-difference model comes from including state fixed effects, year fixed effects, and state * year fixed effects. Because our treatment variable-preregistration availability in the state and year-is defined by state and year, we should not include the interactions in the model. Stata version 11.2 (using code posted on the AJPS Dataverse 2 ) estimated the model by dropping the fixed effect on Delaware in 2012, resulting in a misinterpretation of the treatment variable. 3 We are grateful to Ryan Enos, James Snyder, and the Harvard American Politics Summer Reading Group for alerting us to this error (email dated August 10, 2016) and to Anthony Fowler for following up with additional information (email dated November 22, 2016).
The more appropriate difference-in-difference model specification for a state-level exposure treatment variable would include state and year fixed effects without the interactions (e.g., Leighley and Nagler 2013, ch. 4; Leighley and Nagler 2009; Neiheisel and Burden 2013; Burden et al. 2014) . 4 The updated results are shown below in Table E1 . When we estimate this model, the revised estimate for our difference-in-difference model is 2 percentage points (p = 0.117 with fixed effects and clustered standard errors) or 2 percentage points (p = 0.036 with fixed effects but without clustered standard errors).
5 Given the ambiguity associated with these revised results, we also report on alternative specifications that help with drawing substantive conclusions. For example, if we slightly widen the age window used to define young people in our estimation sample, our estimate size does not change, but our levels of precision increase (18-23 year olds, 2 p.p., p = 0.040; 18-24, 2 p.p., p = 0.048; 18-25, 2 p.p., p = 0.021).
6 Moreover, if we remove the control for registration status-which was originally included as a stringent way to account for individuals' propensity towards participation, but may actually over control away some of preregistration's effect-the effect of preregistration We deeply regret our error. It reflects an oversight in our application of a modeling approach when the treatment is not collinear with the state * year fixed effects-in which case the interactions would be appropriate (Gelman and 7 All estimates with standard errors clustered at the state-year level. If we omit registration status and whether the person registered at the DMV, the estimates are 5-6 percentage points, depending on the age range used (p<0.001 across all). The updated code, which includes alternate specifications, is available on the AJPS Dataverse. 
